INTRODUCTION

45
The root, which is responsible for anchoring the plant to the soil, is an essential organ for the different zones of the root [5] [6] [7] [8] .
64
The most straightforward symptom of abnormal root growth or development can be 65 identified by examining the length of the primary root in seedlings. Abnormalities in 66 length can usually be observed and measured just five to six days after germination
67
(DAG), where still reflect their embryonic origin 9 . Growth defects in the primary root of 68 seedlings are not only consistent with overall growth defects, but also persistent along the 69 entire plant life cycle [10] [11] [12] . Indeed, Arabidopsis root analyses were the foundations for 70 multiple genetic screens that ultimately led to the identification of several key regulators
71
of plant growth and development 10, [13] [14] [15] [16] .
72
Root analysis of young seedlings offers direct information regarding overall plant growth ( Fig. 1b-g ).
133
MyROOT detects and measures root length by following a series of steps ( Fig. 1b-g ).
134
First, a digital image of the plate containing the growing seedlings is taken and used for 135 the analysis (Fig. 1b and Fig. S1 ). The image is taken with a ruler (at least 1 cm long) that allows for root segmentation (this separates those pixels that belong to a root from 140 those of the background) (Fig. 1d) ; iii) measures the length of the roots through a root 141 tracking process (Fig. 1e) ; iv) computes a regression curve based on the detection of the 142 hypocotyls to identify the starting point of each root (Fig. 1f) ; v) measures the root length 143 again from the root tip to the end of the hypocotyl (Fig. 1g) 
159
In summary, by determining the pixel-millimeter equivalence and detecting seedling 160 morphology (roots and hypocotyls) from an image of a seedling-containing agar plate,
161
MyROOT offers a valuable analytical tool for precisely measuring root growth in a semi- that is placed on the surface of the Petri dish. This allows the measurements to be 170 completely independent from the specific characteristics of the image capture system.
171
The first step for detecting the ruler is based on its color contrast with the background.
172
By computing the vertical and horizontal profiles of the image, the algorithm is designed profile of this binary image is generated ( Fig. 2d ) in which the pixel-mm equivalence is 180 defined as the difference between consecutive local maxima ( Fig. 2e ).
181
The core of the whole method is the root extraction and measurement process. In order to 182 extract roots, the user must first manually define the area in which roots are present (note:
183
only one row of seedlings should be included when defining the area). Then, with just a 184 few mouse clicks from the user, a binary mask is generated that allows root segmentation.
185
This later leads to the identification of individual roots through a root tracking process,
186
and finally allows the individually identified roots to be measured (Fig. 3) . The root 187 segmentation process can be divided into four main steps: i) color normalization ( Fig.   188   3a) , ii) ridge detection (Fig. 3b) , iii) root tracking (Fig. 3c) , and iv) root identification 189 (Fig. 3d) . During the color normalization step, the image is processed and a global 190 working framework is set (i.e., all images going through this process become color- curve is found (Fig. 3c) . Finally, the tracking of each root makes it possible to identify 200 which pixels correspond to which root (Fig. 3d) .
201
Once the root tracking process has been completed, each individual root is measured filter is then applied in order to keep those roots that terminate close to the previously 209 calculated hypocotyl curve. If a root surpasses the hypocotyl curve, it is cut at this level.
210
Finally, a unique numeric identifier (ID) is assigned to all roots that are not filtered out 211 during processing.
212
As two roots can be located so close to one another that they cannot be detected as 213 individual roots, we trained MyROOT with the following characteristics: i) when a split 214 occurs and a current root matches more than one detection (blue circle in Fig. 3C ), a new 215 root sharing the same historical record is created, and ii) when a fusion occurs and two
216
roots match a single detection (yellow circle in Fig. 3c ), the shortest root is eliminated 217 from the root set and added as a sub-root of the longest one.
218
To validate our software, we compared root length measurements obtained using
219
MyROOT with manual measurements performed using ImageJ. 
231
In addition, we also evaluated the time required by MyROOT to determine root lengths,
232
and compared it to the time needed for manual measurements. Importantly, we found that required to measure one plate by approximately half (Fig. S2) . the hypocotyl detection curve and each root is used to define the root start point.
257
We first evaluated our hypocotyl detection process in terms of different hypocotyl 258 detection models. Both the precision-recall curve (Fig. 5b ) and the number of false 
262
Upon analyzing the precision-recall curve of each model, we found the HOG + color 263 model to be the most robust (Fig. 5b) . In the case of FPPI, the lowest miss rate was also 264 found when using the HOG + color model (Fig. 5c ). These results indicate that when 265 considering both color and appearance (i.e., the HOG + color model), more hypocotyls 266 are identified than when using only one of the features. Thus, this validates our MyROOT 267 method because it incorporates both HOG and color information.
268
Next, we evaluated the influence of different regression curve models on the root 269 measurement refinement used to set up the limits of individual roots (Fig. 5d ). To create 270 these curves, a regression upon the detected hypocotyls was performed. In order to define 271 which regression model gives the better fit, we tested different polynomial models that 272 were evaluated in terms of the average distance (in pixels) between the real hypocotyl 273 position and the point of intersection between the root and the regression curve (Fig. 5d ).
274
The results indicate that when using a hypocotyl regression curve of order 4, a good 275 balance between accuracy and flexibility that is able to account for small changes in 276 hypocotyl position is reached. As such, we chose to employ this regression curve in our 277 software. 
MATERIAL AND METHODS
326
Plant material and growth conditions
327
Wild type Col-0 Arabidopsis thaliana seeds were surface sterilized with a 5-min 328 incubation in 1.5% sodium hypochlorite, followed by five washes in distilled sterile Images were taken with a D7000 Nikon camera. The pre-defined image acquisition 337 conditions consist of placing the camera 50 cm above the plate with an illuminated 338 support and the following settings: aperture 13, shutter speed 10, ISO 100 and Zoom x35.
339
The plates were placed face down on a black surface and with a ruler (at least 1 cm long)
340
horizontally positioned on top (Fig. S1 ). The images were saved in JPEG format (size 341 between 2.5 and 2.7 MB per image).
342
MyROOT and ImageJ were run in a Intel® Core ™ i7-6700 CPU computer.
343
Hypocotyl detection model
344
The software was trained to identify hypocotyls by using 1,259 positive examples (a) Scheme of the hypocotyl detection method. A candidate window is defined as a square area inside the image. In order to describe a candidate, appearance/shape (HOG) and color information are extracted. Appearance information is extracted to calculate the gradient of the image (i.e., the direction of the contours within the image at each pixel). Histograms of Oriented Gradient (HOG) and the histograms of color are calculated over regular spaced, non-overlapping cells inside the candidate window (forming the block descriptor). Finally, all color/HOG cell histograms are concatenated to obtain the candidate window description. (b) Precision-Recall curve for three different models of hypocotyl detection (HOG, Color and HOG+Color). The curve is obtained by changing the threshold that defines the frontier between positive and negative samples. For each threshold, the precision (well classified ratio) and the recall (poor classified ratio) were calculated. The area under the curve represents the robustness of the classifier, with a higher value indicating greater robustness (a higher well classified ratio to poor classified ratio over the entire range of the classifier). (c) False Positives Per Image (FPPI) curve for three different models of hypocotyl detection (HOG, Color and HOG+Color). The curve plots the miss rate against the FPPI. In this way, the average miss rate over a specific FPPI range (1 to 10) represents the sensitivity of the classifier to not miss good samples and keep the false positive ratio low. (d) The average distance in pixels between the real hypocotyl position and the point of intersection between the root and the polynomial regression curves, for polynomial regression curves of orders 1 to 6 and an extra model including a sine component. Error bars indicate the standard error. 
